ABSTRACT In the last fifteen years, the network-based new media has greatly promoted the development of social networks, therefore it becomes the main form of social composition. Research on social networks commenced a long time ago and revealed meaningful features of the old social network. However, in the new social networks, group members are almost 24-h online and can exchange various information that cannot be dynamically handled or described by the most of the existing studies. In this paper, we construct a formula to calculate the amount of the data dissemination of a node. Thereafter, we present participation equilibrium index formula and maximum equilibrium index formula that can measure the dynamic equilibrium of social networks even for different topics. With these formulas, we define λ-set and core node set of a social group and also present algorithms to work out the two sets. To evaluate our theory and method, we have developed SN-Python-I that can filter and calculate the amount of data exchanged by any node in any group. Based on a contract signed in 2013 with Ali and Tencent, we are permitted to track 300 actual groups for the past three years. Real data of those group reveals that equilibrium index as well as λ-set and core node set of social network change with the time, ages, topics, and classification of the groups. What s more, monthly equilibrium index can also indicate life stages of a group. Those significant properties and rules have not yet been revealed by traditional social network models.
presented the attractiveness of membership in groups and discussed the ways in which cohesiveness of the group is generated and how they relate to communication patterns [6] .
Alkire, Collum, Kaswan & Love (1968) studied the influence of social status on the process of information dissemination within a certain range. they found that the receiver of higher status could obtain more useful information and inquire more specific questions. This means that people of high status can make a more accurate choice [7] . Alba (1973) proposed a definition of a sociometric clique in the form of graph theory [8] . Arabie (1977) studied group overlap in sociological data [9] . Barnes (1983) also introduced graph theory into the network analysis of social networks [10] .
Compared with the first stages of sporadic concepts by some researchers, social network was more systematically studied in this period with the evidence of the introduction of mathematical theory, model building and other tools. We can attribute this period of research to qualitative research in social networks.
3) MODERN TIMES
From the 1980s to the end of the 20th century, the Internet evolved and became more widely used. Communication therefore entered into the digital age of fast exchange and lower cost. Consequently, this strengthened the rapid growth of the social network. However, beside the traditional social network, various non-governmental organizations and religious groups other than capital interests also developed rapidly. The study of social network also grew vigorously. Albrecht & Adelman (1987) showed the relationship between social networks and structures of social support [11] . Alexander & Danowski (1990) traced the social influence and relations on communication content and individuals in an ancient network [12] . Arabie (1984) put forward a clustering algorithm of social network [13] , and for the first time sociometric structure of an intact social group was related to other social variables such as social status and social capital (Burt, Hogarth & Michaud, 2000; Cohen & Prusak, 2001 ) [14] , [15] . Baker (1986 Baker ( , 1994 ) stated a three-dimensional blockmodel of social structure. He also made new advances in the inter-relationships of individuals and organizations, as well as on the theories and tools of researches on other aspects of society [16] , [17] . Barnett & Rice (1985) proposed the notion of non-Euclidian multidimensional scaling (MDS) describing social networks [18] .
Constant, Sproull & Kiesler (1996) focused on the impact of individuals on organizational information exchange through weak ties [19] . Rice & Contractor (1990) tested the influence of new office information system with networking capabilities on the way organizational members conceptualize office work [20] . Fernandez & Gould (1994) concludes that the influence of government organizations is contingent on their ability to convert structural position into power [21] .
In addition to the general qualitative research in social networks, during this period the study gradually began to focus on more detailed factors, such as the degree and position of the key nodes. The research methods became more abundant, such as clustering and dimensionality reduction. However, the studies were pretty much descriptions of static characteristics.
4) NEW AGE
In the 21st century, the development of communication infrastructure and Web technology led to the further reduction of the cost of information exchange. Today's various type of micro-blogging, video and webcast platforms such as Facebook, Twitter, Skype, QQ and WeChat etc. are gaining popularity. In addition to the traditional function of communication, social networks have further infiltrated various aspects of public life. Especially in China, a variety of payment platforms in conjunction with shopping sites work together with social networks to promote each other and thus have formed a new social model. Statistics accumulated from Big Data show that 78% of China s total population joins at least one social network, with more than 46% joining at least two social networks and 27% joining at least five social networks. According to Tencent data, social networking sites still grow at a rate of 273% each year 2012-2017 (Zhang et al., 2016; Statista, 2015) [22] , [23] .
At the same time, scholars became more active in the research of social networks under new forms. Brown & Duguid (2000) studied the life cycle of information in social life, and proposed the concepts of core, dense, sparse and periphery relations in social network [24] . Cross et al. (2001) [25] and Cummings (2004) [28] began to focus on the role of social network and information in social change and the role of individuals in social network communication (Cross, Nohria & Parker, 2002; Cross & Prusak, 2002) [26] , [27] .
Cumming et al. proposed the knowledge sharing between social structure and social network, and gradually became aware of personal roles (Cummings, 2004; Cummings, Sproull & Kiesler, 2002; Cummings, Butler & Kraut, 2002) [28]- [30] .
The natural distribution of several members in social networks is much wider than that of the Professional journalists in traditional media corporations. As a result, social networks convey information more timely and more widely. For example, Twitter, Facebook reported terrorist attacks in Paris thirteen minutes earlier than the traditional media (BBC Trending, 2015) [31] . In the recent Turkish Coup, though the rebels controlled traditional media like radio and television, but President Erdogan used his Facebook to call the civilians to occupy the streets and abort the coup in time (Boyle, 2016) [32] . During the 2013 Yaan earthquake in Sichuan China, Professional reporters could not reach there because of traffic block, relying only on people of disaster area to post messages online (Osnos, 2013) [33]. Thus it can be seen that the impact of modern social networks on society has become more direct and rapid.
Our studies depict the social network structure and the member s role. It is basis for revealing other information dissemination rules, but not fundamentally different from previous researches. It still focuses on the network of data dissemination. Moreover, the theoretical tools of the studies are basic graph theory, clustering, finite state transition or SVM. And these tools are still insufficient and outdated compared with the rapid development of social networks.
B. OUR MOTIVATION
The review and analysis above, reveals that in comparison to the 4G/5G environment of social networks currently, the existing research has obvious shortcomings.
1) Those studies mainly described the static characteristics of social networks, such as the size of network, the degree of node, the number of ties, the center node, the main propagation paths and the key node, etc. They are direct, discrete, ex-post statistics. But the new social media is online full-time, for example, the smart mobile terminals are generally 24-hours-power-on and timevarying. The size and path of the communication network varies for different information at different times and so the static features cannot describe the dynamic social network completely, and the single central node may not be the real center in the social network. 2) Due to the limitations of old communication technology, social networks at that time was mainly for the dissemination of specific types of information. But the current social networks cover more types of communications such as tracing, recruiting, chatting, shopping, advertising, etc. And their transmission route, time and center nodes are different. The existing research cannot precisely describe the multi-purpose of social network, nor can they show the complexity and overlap of its structure.
3) The democracy of contemporary society makes the new social networks gradually eliminate the extreme imbalance in the traditional society. Instead of the direct exchange of information between two nodes in the traditional social network(point-to-point), new social networks are node to group (point-to-group), such as blog, WeChat, and various other forums. roles of set of nodes has not been fully understood and the equilibrium is ignored. Unfortunately, none of these literatures has found a suitable way to characterize this feature. To make up for the shortcomings of those current literatures, we need to record and trace the data transmission which is also one of the sources of big data. However, in order to record the transmission data, large-scale network storage devices and protocol data restore tools were needed that had not fully been resolved before 2010.
Fortunately, the physical constraints have been solved. The cost of large-scale network storage devices has reduced and a variety of tools for protocol data restore have also been developed such as SDK (software Development Kit). Based on those development, we also explored our social network data collection project SN-Python-II in conjunction with Ali and Tencent in 2013 that can restore the shallow data of the network package.
C. OUTLINE OF THIS PAPER
In this paper, we consider information dissemination as a continuous function of time for a single node. Then we construct and define the equilibrium index formula for the social network, and calculate the core node it has set. This paper first gives a brief overview of the recent history of social network and analyzes the problems of the existing literature. In the second part, we classified the nodes according to the different roles they play in information dissemination, and constructed a formula to calculate the nodes data transmission. In the third part, we analyzed the equilibrium of social network and constructed the equilibrium index formula. This is based on new concepts such as core node set which are proposed. In the fourth part, we have given two algorithms to obtain the core node set and analyze the complexity of the algorithm. Finally, actual statistics of more than three years is brought into the formulas of concepts to verify/ reveal some interesting laws.
II. SINGLE-NODE DISSEMINATION OF INFORMATION
To facilitate the following description, we give the classification of single-nodes information dissemination and some basic corresponding concepts as follows.
A. NODE CLASSIFICATION, INFORMATION AMOUNT AND RELATED OPERATIONS
A computer system or a mobile terminal can be considered as a node denoted as v i , record a unit of information as d, and designate the directed edge which disseminate the informa-
The social network is represented by a vector graph G(V , E), where V is the node set and E is the edge set. The directed edge brings an out-degree to v i , denoted by deg + (v i ), and an in-degree to deg
Take v i for example, according to its role in the dissemination of information, it can be classified into three categories: We know that the dissemination of information in the network is a dynamic process, which can be regarded as a function of time. 
Considering the inflow or outflow of node:
In the study of the properties of social networks, a node s data forwarding speed is an important index of the role of the node. This refers to the amount of the data transmitted in a unit of time, that is:
Bringing formula 2 into formula 3, we can get: (t) can be derived, so as to facilitate the subsequent calculation.
Theorem 1: Suppose that a social network is G(V , E), and Q d v ( t) is the data d that flows through v during time period t, then the linear operation is satisfied for time, node and information, namely:
where t 1 and t 2 are two time periods,
where v i and v j are the node of G(V , E), and
where d (t), we only give the proof of Formula 5, similar to others.
By definition:
With those definition and properties, we can calculate the amount of any(all) topic from or to any(all) set of nodes in a social network. which is the theoretic base of our project SN-Python-II.
B. INFORMATION DISSEMINATION OF THE NODE SET

Suppose a node set is
, according to Theorem 1, the total forwarding amount of the node set in a certain period of time can be calculated by the following formula:
By the concepts and properties above, we can capture, identify, count and analyze any subset of nodes and any data in a social network at any time, so as to precisely define and study the characteristics and properties of the social network.
III. EQUILIBRIUM INDEX AND CORE NODE SET A. THE EQUILIBRIUM INDEX FUNCTION
According to Definition 2 and Theorem 1, we know that if a social network with n nodes is balanced, that is, all nodes have the equal roles in the dissemination of data information, then the ratio of the data it disseminates to the total network data should be 1 n , that is
n . Otherwise, the larger the deviation, the more imbalanced the network is. If we extend this idea to a certain number of node sets, we can define the following concepts and models.
Definition 3: Assuming that G(V , n) is a social network where V is the node set and n is the node amount, if Q v i (t) is the data flowing through the node v i (i = 1, 2, . . . , k) within the time t, then the function:
is called the equilibrium index function of social network.
Obviously, by Definition 3, the value range of the equilibrium index function is: 0 ≤ |H (n, k)| < 1 .
The closer to 0, the more balanced it is; the closer to 1, the more unbalanced.
If we let k be the number of real participating person r, then H (n, r) can reflect the balance of the social network including the extent of every participant, we can call H (n, r) the participation equilibrium index of the social network and call r n participate rate. However, the participation equilibrium index is a rough estimate because most of the time, although there are many members on the line (or diving), they exchange very little information which accounts for only a small part of the community. So the participation equilibrium index cannot describe the accurate state of the community.
For this reason, we can let k be any integer between 0 and n, then we can discover more properties of the community using the H (n, k).
Definition 4: Assuming that G(V , n) is a social network in which V is the node set and n is the node amount, H (n, k) is the equilibrium index function of the network; then during each period, there must exist an integer k such that H (n, k) achieve its highest value which is called the maximum equilibrium index of the social network G(V , n). And the correspond set of vertices is called the core node set of the social network G(V , n). Considering the variable values for k in reality, we can design a threshold λ for H (n, k) so that to get any v 1 
Based on the above definition, we can give the conclusion. Assuming G(V , n) is a social network, where V denotes the set of n vertices and λ denotes the equilibrium threshold, then the core node set of G(V , n) must be the subset of λ-set V (λ). That is V (λ) may not be unique.
As V (λ) may be not unique or include the core node set, we can calculate V (λ) according to the reality requirement. As mentioned earlier, each node disseminates different information diversely. According to Definition 3, we can also define the equilibrium index function H d (n, k) of information d and the corresponding core node set of d.
Definition 5: Assuming that G(V , n) is a social network in which V is the node set and n is the node amount, and
is called the equilibrium index function of data d in social network. Similarly, the node set satisfying H d (n, k) ≥ λ is called the λ-set of data d, and the set of nodes corresponding to the maximal H d (n, k) is called the core node set of data d.
With the concept of equilibrium index, not only can we measure the balance of social networks, but also we can obtain all of the λ-sets including the core node set which plays a decisive role in social networks. The algorithm for solving the λ-set and H (n, k) in a certain social network will be presented below.
B. ALGORITHM FOR FINDING λ-SET/CORESET
According to the definition and analysis above, whether a community is balanced or not will be determined by the value of which can be left for the related experts, we will give the reference of index threshold through some actual tests. But here we present algorithms for finding λ-set by H (n, k). The equilibrium index of any subset in the social network is obtained by the amount of data flowing through every node. According to formula 10, we first find the total amount of data flowing through any subnet, which is equivalent to finding the power set of the social network. After that we calculate the flow ratio for each subset of the rest of the social network. So we can use the Depth-first Search (DFS) recursive algorithm 1.
Algorithm 1 complexity analysis: It can be seen that, in each loop, for different n, the number of times the recursive function dfs() is called is C 1 n + C 2 n + C 3 n + . . . + C n n . Therefore, from the binomial theorem, if count == k then //The exit condition of depth traversal is that num nodes have been traversed 9: temp.push_back(sum); 10: return; 11: end if 12: for i = v0 to n do int n = S.size(); 22: int count = 0; 23: int sum = 0; 24: temp.clear(); 25: result.clear(); 26: for (intj = 1; j <= n; + + j) do 27: dfs(S, n, 0, j, count, sum); 28: result.push_back(temp); 29: double temp = sum/totalSum − (i + 1)/totalN ; //calculate H (n, k); 30: temp.clear(); 31: end for 32: end function
, we deduce that, the time complexity of this algorithm is O(2 n ).
In this way, if the equilibrium index threshold is given, then all core node sets can be determined. But when n increases, the computation of the exhaustive method increases exponentially.
Further analysis of Equation 10 shows that the nodes with larger data flow are more likely to be concentrated in the core node set; thus, there is no need to sum up the flow of each subnet. We only need to sort the nodes in descending order of data flow, and sum up the data flow of the first k nodes, thus we get Algorithm 2.
Algorithm 2 complexity analysis:
Algorithm 2 Get λ-Set/Core Node Set by Sorting Input: 1: S is the amount of data flowing through each node 2: function solve(S, totalSum, totalN , λ) 3:
Sort(S); // Sort all the nodes (identified as i) in the social network by their flow from large to small.
4:
for i = 1 to n do 5: int k = i + 1; 6: double sum = 0.0; 7: while ( dok > 0) 8 :
end while 10: double temp=sum/totalSum − (i + 1)/totalN ; // calculate H (n, k); 11: if temp > λ then // judge H (n, k) > λ threshold; 12: cout << ''k = << i + 1 << '' : << temp << endl; 13: end if 14: end for 15: end function This algorithm consists of two parts: Sorting, and calculating the maximum clustering index. The Sort() function uses a quick sorting algorithm whose time complexity is O(n log(n)). The time complexity of calculation of clustering index is O(n 2 ), so the total time complexity of this algorithm is O(n log(n)) + O(n 2 ). We conclude that this algorithm saves a lot of computation time as compared to Algorithm 1.
IV. EVALUATION BY REAL SOCIAL NETWORK
In 2013, we signed a contract with Alibaba s ANT and Tencent to develop the project which aims to describe and predict the consumption behavior of social groups. In this case, users s personal consumption data are provided by Alibaba, and Tencent contributes to the chat data of group users. Our laboratory is responsible for algorithm and application development. Since March 2013, we have tracked more than 300 social networks (see Table 1 ), which are broadly divided into four categories: classmate, work, shopping and hobby. For each category, we focused on tracking one group in real time, while the other group s data was collected once a month. As we know most social network is based on mainly two protocols, such as WeChat use HTTP for short connection and TCP for long connection respectively to deal with the connection status and data transfer, which means a lot of information is not preserved after be transferred, and some information is only retained for up to 7 days. Compared to other data mining tools, the main advantage of SN-Python-I is that it can filter and calculate the amount of data transferred by any node. While previously it can only be restored by shallow data package (head of network package) such as mailing IP address, device name, model, forwarding time of a package, protocol type, size and socket ID etc. The main process and sample data of the project are listed in the appendix I.
The project obtains shallow information mainly through the three ways: A) Obtain the user access logs from the server, B) Restore shallow data from base station, and C) Mining user access data at the client through code buried point that is information of application s APP references from the third-party SDK at the time of development, which can record the users network behavior characteristics. As we cannot access the specific conversation content of the group, Tencent provide us the topic s classification by their own text classify (https://www.qcloud.com/community/article/132). the project use integer number to denote the type of topics, for instance military topics-08, delicious food-07, entertainment-06, etc.
By the above algorithm we calculate the maximum equilibrium index value and the participation equilibrium index value for all those groups as shown in fig2. It can be seen that: 1) For the participation equilibrium index, the most balanced groups are the primary school group and middle school group in the classmate category. The film group and pet group are in the hobby category. On the contrary, the most unbalanced groups are the manufacture group and the logistics group of the work category, as well as the cosmetic group and the car accessories group of shopping. 2) For all of the groups the maximum equilibrium index values are higher than the participation equilibrium index, that means, although these groups contain a lot of people, most of them seldom exchange messages. Meanwhile the core node set plays a decisive role in the group and will be explained further in later sections. 3) Conceptually, the participation equilibrium index and the maximum equilibrium index are basically consistent. That is the higher the maximum equilibrium index, the larger the participation equilibrium index is, but the two are not entirely correlated. For example, the maximum equilibrium index of the graduated-classmates group and the employment group is larger than the production group, but their participation equilibrium index is smaller. It can also be seen that the equilibrium index of a group has a strong relationship with the distribution of member s interests. Groups with well-distributed interest of the members have small equilibrium index. Such as the primary school group, secondary school-group, pet-group, outdoor-group, and food-groups. Otherwise, groups with bad-distributed interest of the members always have high equilibrium index, such as the cosmetics group and car accessories group. While the data further shows that the largest stakeholder nodes are centered in the core node set, which fully illustrates the relevance interest.
A. EQUILIBRIUM INDEX WITH TIME
According to the definition of equilibrium index, which is based on the integration of the data flow, it takes time to evaluate the equilibrium of a social network. Fig.3 shows the change of the equilibrium index of an employed group in one day. The blue line represents the length of the integral time which is 2 hours. In other words, it is calculated at two-hour intervals. The red line is an iterated integral that is recalculated every two hours, but is accumulated from the beginning of the experiment. From Figure 3 , we can deduce that the equilibrium index changes with time. The shorter the integral time, the larger the equilibrium index will be. In one day, with the increase in the number of participants in a group, participation equilibrium index decreased significantly. This truly reflects the equilibrium of the group. By the definition, we know equilibrium index of short integral time(hours) cannot reflect the balance of a group, the integral time of equilibrium index of the below groups is at least one week.
In Fig.4, a) and b) shows the weekly and monthly changes respectively of the three groups with large differences in the participation equilibrium, and the integration time is one day. As we can see from Fig. 4 , the equilibrium index changes with time, and shows some certain periodicity. What is interesting is that the equilibrium index is relatively smaller during the weekend and holidays, indicating that the network is relatively balanced during this time and this can be attributed to the increased number of participants. In addition, from these three representative groups we can see that their equilibrium index is significantly different. The most unbalanced group is the producer-group, while the food-group is much more balanced. This is also consistent with the average index in three years. Moreover, it is obvious that the producer-group is unbalanced due to its uneven level of interest. Because the only similarity is their hobbies, the food group which has weak relevance of interest is relatively balanced.
B. THE MAXIMUM EQUILIBRIUM INDEX AND THE PARTICIPATION EQUILIBRIUM INDEX OF DIFFERENT GROUP
It is noteworthy that the above mentioned are all averages of the real participation equilibrium index, which is not very accurate. Therefore, we select three specific groups to compute their maximum equilibrium indexes and compare them with their real participation equilibrium indexes, as shown in Fig. 5 (a) (b) (c) . As we can see from Fig. 5 , the maximum equilibrium index and the participation equilibrium index have a certain correlation in periodicity. Their trend is basically the same and is consistent with their definitions. However, there are also obvious differences between the two indexes. First of all, the maximum equilibrium index is much higher than the real participation equilibrium index, which shows that the data flow from different members is not the same, meaning that members have different roles. According to the core node set of the maximum equilibrium index, we can obtain and clearly define which nodes play the most important role. This cannot be described by the participation equilibrium index.
Another interesting phenomenon is that although the maximum equilibrium index of the social network with a larger participation equilibrium index is also high, the difference between the two values is obviously smaller than the group with a smaller participation equilibrium index as the participation rate is higher.
For example, in Fig. 5 C, the food groups participation equilibrium index is smaller, so we can say that it is relatively balanced, because more members are involved (about 75%), but the number of core members only account for 20%. Nevertheless, the difference between the maximum equilibrium index and the participation equilibrium index of the manufacture group is small because of its low degree of participation.
In conclusion, the maximum equilibrium index is much more detailed than the participation equilibrium index in the description of information exchange. Of course, we can also preset a threshold of the equilibrium index in terms of actual demand to determine the corresponding node set above the threshold.
C. EQUILIBRIUM INDEX OF DIFFERENT TOPICS
As mentioned above, the participation of group members varies for different topics. Following Definition 5, we can compute the equilibrium index for different information of social groups. We tracked the employed group and gave a few properties including the maximum equilibrium index and its corresponding core node set as shown in Table 2 . Each node is assigned a positive integer number. This is a WeChat group, and has been tracked from July 2014 to February 2015. The number of the group members is 89, aged between 42 and 45 years old, and graduated from college in 1995. Since the number of messages is nearly 100 to 500 per day, the classification of information is a very complicated task. Therefore, only a rough data processing (using text search tools) can be done.
Conclusions drawn from the data in Table 2 : Firstly, in a common social group, different topics have different equilibrium indexes -the maximum equilibrium index and the corresponding core node set are also different. In other words, in a social group, members pay different attention to different topics, that is, they play different roles in the production, dissemination and reaction to various events, which cannot be described by the traditional social network models.
Secondly, for a particular topic, both the participation equilibrium index and the maximum equilibrium index are significantly higher than the non-aggregated information in a social group. Obviously, the sum of information can be obtained through classification and aggregation, but the average of different types of equilibrium index is still higher than the equilibrium index of the sum of information. This reflects the complexity and the differences between the memberships, brought by the topic difference. Although this is similar to the information classification of the work-ship and shoppingship groups, the relationships among group members are still complex.
Another interesting phenomenon is that social groups show a sharp decrease in equilibrium index (including the maximum equilibrium index) when breaking news emerges, indicating that the rate at which groups respond to breaking news tends to be balanced. This deviates from our traditional expectation. Further data mining shows that, for breaking news, not only does the number of online members rise significantly, but the participation of members also increases dramatically.
Furthermore, the origin node of the information is not necessarily within the core node set of the information (node with star indicates not the source of the information), and another set containing several active nodes is not necessarily the source of the information.
D. EQUILIBRIUM INDEX WITH AGE
In our survey groups, we found that, except for work groups, the age of other group members is relatively centralized, that is, the age of group members is at a small difference of 3-5 years. This is also consistent with the traditional social composition that age is an important factor in clustering. However, the small age gap makes it difficult to explore the relationship between age and equilibrium in a group, but reallife experience shows that social relationships vary from one age to another. In order to test this intuition, we conducted a horizontal comparison of students in different age groups, as shown in Fig. 6 .
It can be seen from Fig. 6 that the participation equilibrium index and maximum equilibrium index vary from one age to another, groups aged among 30-35 are the most unbalanced. Further data mining suggests that as the age increases, the amount of information decreases in relation to their respective number of members.
E. EQUILIBRIUM INDEX AND LIFE STAGES OF THE SOCIAL GROUP
By the previous definition and analysis, groups with higher equilibrium index, it s core node set plays more important role. But at the same time, extreme high equilibrium index also indicates extinction of group. As we know the stability of the group can be reflected by the equilibrium index. The more stable the group is, meaning the more members participate, thus the equilibrium index is smaller; on the contrary, the more unstable the group is, meaning the fewer members participate, thus the equilibrium index is greater. For a group, when the participation rate is less than 0.2, we call it unstable. When the participation rate is less than 0.1, we call it recession stage. when the participation rate less than 0.03, we call it extinction stage, exist in name only. Though three years of tracing is not much enough to declare the extinction of a group, we still found that 8 groups of primary-school, 7 groups of middle-school, 2 groups of undergraduate,1 groups of postgraduate, 2 groups of manufacture,4 groups of logistics, 2 groups of cosmetic, 3 groups of Trade Manager,3 groups of outdoor and 3 groups of food are close to the stage of extinction.
We calculate maximum H (n, k) of those 300 groups with integral time of 3 months. We try to seek the relation between maximum equilibrium index and it s extinction. From the Fig7, it can be seen, the equilibrium index for the unstable stage is about 0.5, the equilibrium index for recession stage is about 0.8 and the equilibrium index for extinction stage is about 0.87.
FIGURE 7.
Equilibrium index and Life stages of the Social Group. VOLUME 6, 2018 Further study on the extinction process of those groups shows an interesting relation that the recession of the group has a strong relation with topics that occupy the group for a long time but is not common interest of members of the group.
To verify our view, we select a stable classmate-group whose monthly maximum equilibrium index is 0.23, size is 48, average age is 35 and the participation rate is 0.62. We instigate one member to continually post sensitive or boring topics such as personal salary, family affairs, advertise etc. Three months later, the maximum equilibrium index increase to 0.83 and the participation rate drop to 0.042 that means the group is close to the extinction stage.
V. CONCLUSION
Rapid development of communication infrastructure and all kinds of network platform bring almost every person into more than one modernized social group whose structure is not fixed and changes with the time and topics. However, these new properties or characteristics or principles of modernized social network cannot be revealed by the existing researches. This paper first reviewed and classified the recent history of social network into four stages and points out the problems of the existing studies. Then constructed a formula to calculate the nodes' data transmission with the time, thus we can comprehensively analyze the effect of a node to other nodes and to group structure. Based on the formula, the equilibrium index formula is constructed, and then defined the participation equilibrium index of the social network and the maximum equilibrium index that can reflect properties and stability group. The paper also presented algorithms to calculate the λ-set of the participation equilibrium index and the core set of the the maximum equilibrium index of the social network. Finally, we use the real data of 300 social groups which we tracked for three years to evaluate our theory and method. Some interesting properties and conclusions were obtained: the Equilibrium index changes with time, age, topic, the distribution of member s interests and can also indicate the life stage of the group.
Though, we proposed and constructed equilibrium index formula and revealed some significant properties of the social network, there are still some internal law to seek and massive data to verify. Future works lies in two sides.
First, try to discover more properties by the equilibrium index of the social network with the respect of social functions. Secondly, improve our SN-Python-I to collect and manage the massive data of real social groups faster and more effective.
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